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ABSTRACT 10 

The inherent uncertainty involved in assessments of both post-seismic structural 11 

damage and the social vulnerability of those affected motivate the search for a suitable 12 

analysis framework. As these risk assessments are subjective in nature and require expert 13 

opinion, many common methods such as probability may not provide the most natural 14 

mathematical structure. This paper explores how Dempster-Shafer Theory might be used 15 

in these applications, as this theory allows the combination of multiple expert beliefs while 16 

considering such uncertainties. A post-seismic structural damage assessment survey was 17 

used to evaluate combined belief outputs compared to probability outputs. The results 18 

computed using Dempster Shafer Theory were more consistent than probability when 19 

compared to the actual damage of the images shown in the survey. This suggests that 20 

Dempster Shafer Theory may be a suitable framework to represent ignorance and evidence-21 

based assessments.  22 

Introduction 23 

Risk assessment is central to hazard mitigation,  and by its very nature requires subjectivity (Elwood 24 

and Corotis, 2015; Ballent et al, 2018). The study of community risk and social vulnerability 25 

incorporates very different sources of uncertainty and yet is often evaluated using traditional 26 

probabilistic frameworks that are more naturally suited to objective-observed data (Armas and Gavris, 27 

2013). 28 
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 A variety of frameworks should be considered when handling such uncertainties. Probability often 29 

provides a reliable structure in such situations, where predictions of future performance can be made 30 

based on the outcome of previous similar occurrences and professional judgment. Powerful procedures 31 

include Klein’s recognition-primed decision model and his later naturalistic decision making model 32 

(Klein, 2008). These models are based on extensions of Kahneman and Tversky (2000) heuristic 33 

discoveries, and point out the importance of pattern matching. These methods are based, however, on 34 

the traditional axioms that are the foundation of probability theory. Similarly Saaty’s analytic hierarchy 35 

process combines expert judgement by examining the decision process as a series of nested steps (Saaty 36 

2008), and is not reliant on traditional probability theory. There are many situations in risk assessment 37 

with respect to natural hazards in which the axioms of probability prove overly restrictive, even when 38 

incorporating subjective or Bayesian models (Cooke, 1991; Melchers, 1999; Vick, 2002; Corotis, 39 

2015).  40 

This paper explores two major applications of a method of decision making not constrained by 41 

probability axioms, but one based on monotone theory of generalized uncertainty. The motivation for 42 

new approaches is not intended to challenge the fundamentals of Probability Theory, but to present 43 

different mathematical models, which may be relevant in a variety of contexts. The results of these 44 

applications open the door for further exploration of the power of these non-probabilistic approaches. 45 

A review of past procedures will be briefly discussed, but further background is given in the recent 46 

paper by the authors (Ballent et al, 2018), published in this journal. 47 

Background Review 48 

Uncertainties and Evidence Theory 49 

Dempster-Shafer theory of evidence (DST) was developed first by Glenn Shafer (1976), from 50 

work he performed with Arthur Dempster, his mentor. It has since been developed further and expanded 51 

by other researchers (see, e.g., Beynon et al., 2000; Yager and Liu, 2008). As Aven et al. (2014) state, 52 

“in looking for a general framework for treating uncertainties in risk assessment, we started with the 53 



 

probabilistic treatment of uncertainties, recognizing its merits and limitations, and then ventured beyond 54 

probability to describe uncertainties in a risk assessment context whose setting demands an extension 55 

of concepts and methods".  56 

Generalized Information Theory 57 

The area of study termed Generalized Information Theory (GIT) (Ayyub, 1998; Klir, 2006; 58 

Ross, 2010) expands probability theory by including non-additive probability measures and fuzzy sets 59 

(Klir, 2006; Klir and Smith, 2001; Wang and Klir, 2009). Dempster-Shafer theory falls under the rubric 60 

of GIT. The additivity requirement, which is a critical restriction of probability theory in terms of using 61 

expert opinions, describes the circumstance in which probability measures can be obtained from subsets 62 

of X if bound within the disjoint set as shown below Klir (2006):  63 

𝑃𝑃(𝐴𝐴 ∪ 𝐵𝐵) = 𝑃𝑃(𝐴𝐴) + 𝑃𝑃(𝐵𝐵)                 (1) 64 

Equation (1) is commonly known as the third axiom of probability. Considering element B to be 𝑨𝑨� 65 

(the complement of A) requires that any information provided about element ‘A’ also provides 66 

contrary evidence about event 𝑨𝑨�, since their union is one. In Probability Theory, uncertainty is 67 

represented by this single probability measure. If either the probability of an event or the probability 68 

of its complement is known, the additivity requirement guarantees that the probabilities of both are 69 

known.  70 

Possibility/Necessity Measures 71 

 Possibility Theory provides a mathematical framework to explicitly represent ignorance by 72 

removing the additivity requirement (Ross, 2010). Possibility Theory differs from Probability Theory 73 

in that it explicitly recognizes the case when evidence or judgments support the possibility of one event, 74 

but does not necessarily implicate evidence regarding the contrary event (Dubois, 2006; Dubois and 75 

Prade, 1988). To fully characterize the uncertainty of an event A, uncertainty is represented by dual 76 

measures, termed possibility and necessity measures (Ayyub and Klir, 2006). These measures are 77 

detailed by Ballent et al. (2018), and are central to the concepts of expert beliefs and the combinations 78 



 

of such beliefs. They are supported by the fundamental precepts of Dempster-Shafer theory, for which 79 

a brief background is provided in Appendix I. 80 

Imprecise Probabilities 81 

 While several frameworks have surfaced as possible alternatives to probability in cases with 82 

uncertainty, including Dempster Shafer Theory, there have also been adaptations of probability itself. 83 

Walley (1991) introduced the idea of imprecise probabilities as a generalization of Probability Theory 84 

which follows the principles of Probability Theory but does not require precise probability assignments 85 

(Ayyub and Klir, 2006). As discussed previously, a main goal of this theory is to determine how to best 86 

represent uncertainty in risk assessments. Providing upper and lower bound probabilities is one way to 87 

demonstrate some uncertainty of a model output in a quantifiable way. The lower bound probabilities 88 

are related to the Mobius measures introduced in Appendix I by the following (Ayyub and Klir, 2006): 89 

𝑚𝑚(𝐴𝐴) = ∑ (−1)|𝐴𝐴−𝐵𝐵|𝑃𝑃(𝐵𝐵)𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑡𝑡ℎ𝑎𝑎𝑡𝑡 𝐵𝐵⊆𝐴𝐴                                                (2) 90 

𝑃𝑃(𝐵𝐵) =  ∑ 𝑚𝑚(𝐴𝐴)𝑎𝑎𝑎𝑎𝑎𝑎 𝐵𝐵 𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑡𝑡ℎ𝑎𝑎𝑡𝑡 𝐵𝐵⊆𝐴𝐴                                                       (3) 91 

where 𝑃𝑃  is lower bound probability. Upper bound probabilities can be calculated from lower bound 92 

probabilities with the following (Ayyub and Klir, 2006): 93 

𝑃𝑃(𝐴𝐴) = 1− 𝑃𝑃(𝐴𝐴)                                                                       (4) 94 

where 𝑃𝑃 is upper bound probability of A. Probability bounds are used in line with Dempster Shafer 95 

Theory to analyze data from the survey instrument used in this paper. 96 

Social Vulnerability 97 

 Since Dempster-Shafer Theory is evaluated in multiple capacities in this paper, including as an 98 

analysis tool for social vulnerability, a short review of this topic is necessary as well. A community’s 99 

vulnerability to a hazard is often thought of in physical terms; their infrastructure, environmental 100 

surroundings/global location, etc. Social vulnerability is the inter-personal counterpart – the 101 



 

vulnerability one might experience due to factors such as income disparity, class, gender, age, disability, 102 

health, living situation, income, or race/ethnicity (Thomas et al., 2013). This type of vulnerability plays 103 

a significant role in how well someone is able to recover after experiencing a disaster, such as an 104 

earthquake, hurricane, or heat wave.  105 

 One current method of determining a community’s social vulnerability is the Social 106 

Vulnerability Index (SVI), and is dependent on a set of 15 census variables grouped into four themes 107 

(Flanagan et al., 2011). Within a Socioeconomic Status theme, the considered variables are percentage 108 

of individuals below poverty, percentage of civilians unemployed, per capita income, and percentage 109 

of persons with no high school diploma. A Household Composition/Disability theme considers 110 

variables percentage of persons 65 years of age or older, percentage of persons 17 years of age or 111 

younger, percentage of persons more than 5 years old with a disability, and percentage of single parent 112 

with child under 18 years old. The Minority Status/Language theme variables are percentage of 113 

minority, and percentage of persons 5 years or older who speak English less than “well”. Finally, the 114 

Housing/Transportation theme considers variables percentage of multi-unit structures (10 or more units 115 

in structure), percentage of mobile homes, and percentage of crowding (more people than rooms at 116 

household level), percentage of with no vehicle available, and percentage of persons in group quarters 117 

(nursing homes, dorms, and military quarters). 118 

 A Social Vulnerability Index for Disaster Management outlines how these variables are 119 

analyzed: “To construct the SVI, each of the 15 census variables, except per capita income, was ranked 120 

from highest to lowest across all census tracts in the United States with a non-zero population. Per 121 

capita income was ranked from lowest to highest because, unlike the other variables, a higher value 122 

indicates less vulnerability” (Flanagan et al., 2011).  If the percentile is 90% or higher (inverse for “Per 123 

capita income”), the town is flagged. These percentiles are also summed within each of the four themes. 124 

If the group percentile is 90% or higher, this earns another flag. Finally, the percentiles for all 15 125 

variables are summed, and if the overall percentile is 90% or higher, the town receives yet another flag. 126 

The number of total flags is reviewed on a variable level, theme level, and overall level. The number of 127 

received flags indicates the level of social vulnerability within the town (Flanagan et al., 2011).  128 



 

 Due to the fairly limited scope, this method might not reflect all the factors that influence 129 

one’s true social vulnerability. Alternative methods have been proposed, such as the Baseline 130 

Resilience Index for Communities (SoVI) by Cutter et al. (2003; 2014) in which 42 independent 131 

variables were used to compile 11 factors: personal wealth, age, density of built environment, single-132 

sector economic dependence, housing stock and tenancy, race (African American, Hispanic, Native 133 

American, Asian), occupation, and infrastructure dependence. Another proposed method by Cutter 134 

and colleagues, the Baseline Resilience Index for Communities (BRIC),  involves combining the SVI 135 

with hazard event frequency and economic loss data to examine 36 factors that influence large dollar 136 

losses, and hence the ability of a community to recover from a disaster (Cutter et al., 2010). These are 137 

grouped into five major categories of resilience: Social Resilience, Economic Resilience, Institutional 138 

Resilience, Infrastructure Resilience, and Community Capital. Still another approach has been taken 139 

by Peacock et al (2010), which focuses on resilience of human social systems in the context of 140 

disaster. His Community Disaster Resilience Index (CDRI) is based on 75 measures of social welfare, 141 

and their groupings into four major indicator categories: Social Capital, Economic Capital, Physical 142 

Capital and Human Capital.  143 

 Each of these methods has strengths and weaknesses when attempting to relate social 144 

vulnerability to community resilience. BRIC and CDRI have only been calibrated for limited parts of 145 

the United States, and SoVI depends on calibrating to neighboring communities. SVI, used in this 146 

paper, is relatively comprehensive and computable, with its major drawback being the use of the flag 147 

system, which this current study addresses. As Cutter et al. (2003) once stated (and it is still true), 148 

“there is no consensus within the social science community about social vulnerability or its 149 

correlates”.   150 

 Given the many uncertainties and nuances involved in social vulnerability, using a belief-151 

based analysis tool like Dempster-Shafer Theory has the potential to provide a more comprehensive 152 

evaluation of social vulnerability. While the variables above may indicate that vulnerability is more or 153 

less likely to be present, the ability of a community to recover after a disaster is influenced by much 154 

more. For example, Pfefferbaum et al. (2008) discuss the importance of community bonds such as 155 



 

those established by town-wide participation in common activities: church, school, self-help groups, 156 

or neighborhood watch committees. These types of values cannot be quantified in the current 157 

indexing method of social vulnerability, but may be represented by a more subjective framework like 158 

Dempster-Shafer Theory. 159 

Literature Review Conclusion 160 

Aven et al. (2014) write that "Evidence Theory [Dempster Shafer Theory] provides an 161 

alternative to the traditional manner in which Probability Theory is used to represent uncertainty by 162 

means of the specification of two degrees of likelihood, belief and plausibility, for each event under 163 

consideration." This paper aims to analyze the applications of Dempster Shafer Theory in the field of 164 

civil engineering and hazard mitigation, specifically in post-seismic structural damage assessments and 165 

social vulnerability, to determine how such uncertainties can be incorporated. 166 

Application I: Dempster-Shafer Theory for Post-Seismic Damage 167 
Assessment 168 

 A structural damage assessment survey was constructed to test one of the real-life applications 169 

of this theory. This survey was intended not as a statistically significant guideline for seismic damage 170 

assessment, but as an illustration of how evidence theory can be used to obtain information from 171 

multiple experts, and combined to give richer assessments that differ from those based on traditional 172 

probability theory. The survey was part of a larger project conducted by Stanford University under the 173 

direction of Professor Anne Kiremidjian, and with the assistance of Dr. David Lallemant, seeking to 174 

determine the extent to which aerial photography could be used for early estimates of neighborhood 175 

seismic damage. They graciously made the images available to our research team, and our objective 176 

was to incorporate evidence theory questions in the survey, and then compare the estimated damages 177 

with the actual ground-verified inspections, as well as the results based purely on probabilistic methods.  178 

 The survey includes 5 different aerial images of Port-au-Prince, Haiti, taken shortly after the 179 

2010 earthquake there. A separate damage scale was provided, giving examples of images that have 180 

damage ranges of 0 - 20%, 20 - 40%, 40 - 60%, 60 - 80%, and 80 - 100%. These damage levels were 181 



 

determined from actual ground surveys following the earthquake, and the images were selected just to 182 

provide reference guidance to the survey takers, not to be evaluated (these five different levels were 183 

chosen to give good discrimination for calibration). The participants were then presented with five 184 

different images, asked to evaluate each image, and to assign their belief that the image has a damage 185 

in the ranges of 0 - 33%, 34 - 66%, and 67 - 100%. Just three ranges were used because it was decided 186 

that any finer resolution would be too difficult to estimate. They are also asked to assign their belief 187 

that the damage is within the ranges of 0-66% and 34 – 100%, with the provided explanation that they 188 

may have more confidence in the larger ranges than simply the sum of the smaller ranges. The 189 

participants were not asked for their belief in [0 - 33% + 67 - 100%] (the combination of the two outer 190 

ranges), as this is not a commonsense question in terms of damage assessment. The belief in this 191 

combined event is necessary to calculate the total combined belief since values for all members of the 192 

power set are required. Therefore, the missing value was calculated using the provided beliefs. The 193 

individual beliefs in 0 - 33% and 67 - 100% were summed along with half of the extra belief in 0 - 66% 194 

and 34 - 100%. Without additional information, this is the only unbiased way to allocate the the missing 195 

information that the damage might be 0 - 33% + 67 - 100% (Ballent et al, 2018). One of the survey 196 

questions is provided in Appendix II for reference. It is noted that the survey takers were explicitly 197 

asked for their belief (which was explained as the degree of confidence they felt by the evidence 198 

provided). It was carefully explained that this is different from probability, and thus the beliefs in the 199 

larger ranges did not have to be completely distributed to the smaller ranges.  200 

 The survey was delivered by hand to selected structural-focused engineering classes at both the 201 

undergraduate and graduate level. Professors with a similar focus were also offered the survey either in 202 

person or via email. The survey results were recorded and each participant’s beliefs were combined to 203 

achieve combined damage beliefs in each of the five images. The objective was to test Dempster Shafer 204 

Theory in a real world application and analyze the results to determine if (a) the participants were 205 

willing to learn and utilize a new framework, (b) the combined belief results were logical, and (c) this 206 

framework is able to provide helpful outputs while acknowledging the uncertainty of the contributors. 207 



 

Survey Results 208 

 A total of 46 surveys were filled out and returned. If any questions were filled out not in 209 

accordance to the specified rules, namely if the provided belief exceeded 100%, the individual question 210 

was not considered in the results. Each of the five survey questions produced at least 40 correctly 211 

provided beliefs. The vast majority of the completed surveys came from undergraduates in an upper 212 

division level structural analysis course and an upper division probability course, both in civil 213 

engineering. The participants were not given detailed definitions of damage (other than an explanation 214 

from a sample set of images), and were certainly not field-trained experts in damage assessment. 215 

Nevertheless, they were reasonably informed members of society.  216 

Evaluating Survey Results Using Dempster Shafer Theory 217 

 The results for each question were calculated in two different ways to examine how the results 218 

varied with the number of experts. This investigation was based in part on the mathematical results of 219 

the companion paper by Ballent et al (2018), which derived convergence behavior as a function of the 220 

number of experts. The first combines five groups of eight experts each, with the idea that many real 221 

life damage assessments will not have 40 available experts to provide their beliefs. The second 222 

combines all 40 available surveys to analyze the result of large quantities of opinions. The results can 223 

be seen in Table 1.  224 

 225 

 226 

Two observations are evident when examining the results above. One; when all 40 experts are 227 

combined, the beliefs either reach 0% or 100%. Regardless of the individual beliefs, there is enough 228 

provided evidence among the 40 experts to fully support one single event. Second, the smaller groups 229 

of experts provide combined beliefs that vary heavily based on the individual beliefs. For example, 230 

consider the results of Question 1. Groups 1, 2, 4, and 5 strongly back 0-33% damage. The Group 5 231 

experts supported this damage range so strongly that just combining those 8 experts’ beliefs produced 232 



 

100% belief in 0-33% damage. Group 3, on the other hand, had enough varied individual beliefs that 233 

the combined belief was still fairly scattered. Regardless, when combining all 5 groups of experts, 234 

Group 3’s split belief became negligible and the total combined belief supported 0-33% damage.  235 

Computing Probabilities from Combined Beliefs 236 

 The combined beliefs from the survey instrument were used to compute probabilities, including 237 

upper and lower bound probabilities. Only the smaller groups of experts were used to calculate 238 

probabilities, as the full groups of 40 experts produced “all or nothing” results that would produce 239 

identical probabilities. It is also important to note the difference in how probability and Dempster Shafer 240 

Theory handle multiple events. In Dempster Shafer Theory, experts are able to have belief in a 241 

combined event without being forced to allocate all of that belief to the individual events comprising 242 

it. Probability simply sums the individual event probabilities to obtain the probability in disjoint 243 

combined events. The results for the first survey question are outlined in Table 2. 244 

There are several notable observations to be made from the results above. First, examine Group 245 

5. As expected, the calculated probabilities are identical to the combined beliefs since there was enough 246 

combined belief from the experts in Group 5 to produce either 100% belief or none at all. Groups 1, 2, 247 

and 4 all produced very similar results; the calculated probability for each event in these groups was 248 

nearly identical to the calculated beliefs. Since almost all of the combined belief was in the 0% - 33% 249 

damage range, the probability bounds are very tight. There is less than one percent difference between 250 

the upper and lower bounds for all damage ranges in these three groups. Group 3 probabilities display 251 

slightly larger upper and lower bounds of up to 3% in range. Larger bounds are expected with this group 252 

as the combined belief is more diverse.  253 

To further examine how combined belief affects probability bounds, the 20 surveys with the 254 

largest extra belief in combined events were analyzed and the probability bounds were determined.  As 255 

expected, the bounds for this group of respondents were significantly wider with an average bounds 256 

range of 3.8%, compared to an average range of 0.5% for the results in Table 2. Since more belief was 257 

allocated to a range of events, rather than one single event, the probability of single events is less 258 



 

absolute. In a few cases for the results above, the lower bounds exceed the middle probability or the 259 

upper bounds undercut the middle probability by a very small percentage (0.1%). Since the bounds in 260 

these cases are so tight, this is apparently due to rounding error. 261 

Further Evaluation of Survey Results by Averaging 262 

 For further comparison, the individual beliefs provided by the surveys were combined to 263 

approximate probability, rather than using Eqs. I.6 and I.7. For each of the small damage ranges seen 264 

in Table 1, the additional belief from the associated larger range(s) was allocated according to the 265 

fraction of belief for the smaller ranges. The results were normalized to ensure the results summed to 266 

unity. Although the survey respondents were not asked to think in terms of probability, this method 267 

provides a way to logically convert their individual beliefs consistent with the laws of probability. The 268 

results of this can be seen in Table 3. 269 

The difference between these results and the results using Dempster Shafer Theory are 270 

significant. Most noticeable is the effect of combining many experts. When combining more and more 271 

expert opinions, Dempster Shafer Theory will continuously weight single events until they reach 100% 272 

or 0%, as shown by the results of combining all 40 expert beliefs using Dempster Shafer Theory in 273 

Table 1. Outliers and small amounts of contradicting opinion are eventually considered negligible as 274 

more and more beliefs are combined. Averaging, however, will continue to incorporate all individual 275 

responses. While the results above do have favored damage ranges for each question, the highest 276 

combined belief is 64.5%. Even though 40 individual beliefs were combined to obtain these values, the 277 

simple averaging of probability results are varied and arguably inconclusive. The most strongly 278 

supported damage range in questions 1, 2, and 4 is 34-66% damage, while the results for those three 279 

questions in Table 1 strongly support the 0-33% range. Although these results are not strictly 280 

probability-based, it is clear that the influence of ignorance and conflicting opinion in Dempster Shafer 281 

Theory is significant.  282 



 

Actual Damage Results 283 

 The actual damage state for each image on the survey is provided in Table 4. Whichever 284 

range the majority of buildings in that image fell into is the range shown. The most strongly supported 285 

damage range calculated from the survey results using both Dempster Shafer Theory and 286 

averaging/Probability are also shown for comparison. 287 

 Table 4 provides valuable insight on how a different framework can produce significantly 288 

different results from the same data. The Dempster-Shafer results correctly matched four of the five 289 

actual damage ranges, while the results from averaging correctly matched one. This not only 290 

reinforces the idea that a framework that allows the user to have some uncertainties changes the 291 

output, but it suggests that this framework could produce a more accurate output. 292 

Application II: Dempster Shafer Theory for Social Vulnerability 293 

Rethinking Social Vulnerability Indexing 294 

 Social vulnerability is an aspect of hazard management that is often hard to quantify. As 295 

previously mentioned, one current method of analyzing social vulnerability relies on indexing 15 296 

different census variables. There are several potential issues with this method. The most basic one is 297 

that being in or out of the 90+ percentile does not necessarily mean the group within a particular census 298 

tract is or is not socially vulnerable. It assigns an “all or nothing” ranking – those with an 89th percentile 299 

ranking would not receive a flag but are nearly just as vulnerable as those in the 90th percentile. Along 300 

the same lines, ranking in the 90th percentile or above may not actually indicate a vulnerability. For 301 

example, those living in group quarters such as a dorm might experience a benefit of having close-knit 302 

groups, or they may have predetermined recovery plans laid out by the school.  303 

 Another aspect to consider is that the 15 variables are not split evenly among the four themes. 304 

Since the groups have the potential to be assigned one flag, and there are differing numbers of 305 

variables within each group, then each variable does not carry equal weight. For example, not having 306 

access to a vehicle is in a group with four other variables, while being under the age of 17 is in a 307 

group with three other variables. This means that being under the age of 17 carries more weight than 308 



 

not having a vehicle. The ability to escape or recover from a disaster may or may not rely more on a 309 

method of travel than age. Finally, consider the result if one group is in the 90th+ percentile in a few 310 

variables but ranked very low in all other categories. This group would register as two or three flags. 311 

In comparisons to a group that is ranked in the 60th or 70th percentile in nearly every category, the 312 

latter would receive zero flags, and be ranked as less vulnerable than the first group.  313 

 It should be made clear that the objective of applying Dempster-Shafer theory to social 314 

vulnerability is not to dismiss other aspects that predict the robustness and resilience of communities 315 

to sustain earthquakes. Issues of risk perception and affect heuristics are important for any disaster 316 

response, including previous experience, anchoring and adjustment. Many papers discuss these 317 

aspects (Hurley and Corotis, 2014; Kahneman and Tversky, 2000; Lechowska, 2018; Slovic, 2000; 318 

Slovic et al, 2002; ). The extensions presented here are intended to demonstrate the improvement of 319 

social vulnerability indexing by the incorporation of Dempster-Shafer concepts. 320 

Dempster-Shafer Theory in Social Vulnerability 321 

 Using Dempster-Shafer Theory offers a new perspective on social vulnerability. While there 322 

are several ways DST could be used in this capacity, the method analyzed in this paper involves 323 

combining the provided census data using DST rather than summing and ranking. To do this, the census 324 

percentage for each variable is assigned to C) very vulnerable. The rest of the population is assigned to 325 

A) not vulnerable and B) moderately vulnerable. For example, if 30% of a town is below poverty, that 326 

category is marked as 30% very vulnerable, and the remaining 70% is assigned to not vulnerable and/or 327 

moderately vulnerable. How this 70% is split between A and B can be determined by a standard rule or 328 

by more subjective means depending on the analyst.  These values can then be combined with the other 329 

variables within their theme, and with the other 14 categories to determine a combined percentage for 330 

“not vulnerable”, “moderately vulnerable”, and “very vulnerable”. It should be mentioned that theories 331 

for the combinations of expert opinions are based on the assumption that the experts are independent 332 

of each other. There was no attempt here to determine the effect of possible correlation among the social 333 

vulnerability variables. 334 



 

Testing Dempster-Shafer Theory 335 

 This method was tested using the available 2016 census data for three census tracts of varying 336 

social vulnerability (1, 4, and 9 flags using the existing methodology) in Denver, Colorado. The 337 

census percentage for each of the 15 variables was assigned to C (very vulnerable). The rest of the 338 

population was assigned to AB (not vulnerable and/or moderately vulnerable). The individual values 339 

for A and B were varied between 0% and 25% (at 5% increments) of the remaining population that 340 

was not assigned to C. The combined values for AC and BC were the sum of the individual 341 

percentages for A and C, and B and C, respectively. The results using values of A and B as 15% of 342 

the population that was not assigned to C are outlined below in Table 5. The 15% value was chosen 343 

for two reasons. First, since the census data pertain to the “very vulnerable” population of each 344 

variable, it is difficult to confidently assign the rest of the population to one or the other. Second, this 345 

method was tried with values of 0%, 5%, 10%, 15%, 20%, and 25%. The effect on the percentage of 346 

“very vulnerable” from changing the percentage assigned to A and B was small or nonexistent. Since 347 

the 15% value is somewhat arbitrary at this point (ideally it would be based on more in-depth census 348 

data), the observations made from these results should only be considered satisfactory for this level of 349 

analysis. Note that the “very vulnerable” percentages in white font (black boxes) indicate that this 350 

variable was flagged using the 90th percentile rule. Also note that the Per Capita Income was 351 

calculated based on inverse percentile (the lowest per capita income was in the highest percentile so 352 

that it counted as the most vulnerable).  353 

There are several observations to be made about the results above: 354 

•  The total vulnerability of all 15 variables is identical for each tract; nearly 50% not 355 

vulnerable, 50% moderately vulnerable, and 0% very vulnerable. There are several reasons 356 

for this. First, consider that the most number of flags a tract could receive is 15 (one for each 357 

variable). The most vulnerable tract observed here has 9, which is 60% of the maximum. The 358 

overall low vulnerability of these tracts correlates to relatively low percentages of “very 359 

vulnerable” population. As the variable percentages are combined using DST, the low 360 



 

percentage of vulnerable population is damped out by the overwhelming evidence that most 361 

of the population is “not/moderately vulnerable”. Second, since the values for A and B were 362 

determined by taking an identical specified percentage of the population (15% of the 363 

remaining population that was not assigned to C), it makes sense that their values are equal, 364 

and nearly exhaustive. Note that they do not add to 100%, which DST allows as the 365 

percentages assigned to A, B, and C for each variable do not include the entire tract 366 

population. The practical implications of this result deserve some consideration. On one hand, 367 

the third tract evaluated in this paper is one of the most vulnerable tracts in the Denver area 368 

even though it is only 60% of the maximum vulnerability on the currently used scale, so if 369 

this small group is surrounded by largely “not vulnerable” tracts with resources, then perhaps 370 

it really is not very vulnerable. On the other hand, it is unreasonable to look at the total 371 

combined vulnerability and consider all three tracts to have the same amount of vulnerability. 372 

While this proposed method provides valuable insight within the four themes, it foregoes 373 

insight when all 15 variables are combined into a final vulnerability ranking. Using more in-374 

depth census data to appropriately assign values to A and B may affect the final combined 375 

results, but further studies will need to be done to evaluate how analyzing these 15 individual 376 

variables as a whole relates to the actual vulnerability experienced by a census tract, and how 377 

the surrounding tracts may influence this value. 378 

•  It is instructive to compare the number of overall flags each tract received to the 379 

vulnerability ranking for each theme. The sum of the “very vulnerable” percentage for the 4 380 

themes is 0.17%, 19.8%, and 81.5% for tracts 1, 2, and 3, respectively. This corresponds 381 

positively with the number of flags (being 1, 4, and 9 for tracts 1, 2, and 3, respectively). 382 

While the ranking is slightly different (81.5% very vulnerable compared to 60% of the 383 

possible flags), it might provide different insight on the type and range of vulnerability 384 

experienced by each tract, as explained in the next bullet point. 385 

•  Insight can be gained by noting which variables were flagged compared to which 386 

ones were not, and which of those contributed to the high vulnerability calculated by DST. 387 



 

For example, look at the Socioeconomic Status Theme for the second tract. 29.8% of this 388 

tract does not have a high school diploma, which received a flag for ranking in the 90th 389 

percentile or higher of all tracts in this variable. However, this tract is also in the 79.9th 390 

percentile for low per capita income, and did not receive a flag for this variable. This means 391 

that this tract was flagged as “vulnerable” for about 30% of the population not having a high 392 

school diploma but was not flagged for having a lower per capita income than almost 80% of 393 

all other tracts, and since these variables are in the same theme, they count for the same 394 

weight. By using DST, both of these factors influence the vulnerability output of this tract 395 

with the amount of influence being respective of their weight, not as a yes-or-no flag. 396 

•  The Housing/Transportation theme has a combined percent of 0 for “very vulnerable” 397 

for each tract. It is noted that none of the population in any of these tracts resides in mobile 398 

homes. Due to this factor, and the low vulnerable percentages in the other variables in this 399 

theme, there is a 0% very vulnerable ranking for this group in all 3 tracts. 400 

•  The most vulnerable output is the Minority/Language Theme for the third tract. This 401 

makes sense, as there are only two variables in this theme, and the minority percentage is 402 

comparatively very high (67%). Even though the minority percentage for the second tract is 403 

even higher at 68%, the percentage of people who speak English “less than well” is only at 404 

8.3% for the second tract, compared to 14.8% for the third.   405 

Social Vulnerability Observations 406 

 It is clear that using Dempster Shafer Theory to analyze social vulnerability produces 407 

different results when compared to the method of indexing, and also compared to standard 408 

probability. Rather than ranking each group and taking the top 10%, or averaging each variable, DST 409 

analyzes the evidence for or against each vulnerability ranking. If not all of the population has been 410 

assigned to a specific vulnerability ranking, then the output will have some ignorance factor.  411 

 There are several ways to evaluate social vulnerability using DST. For example, the per 412 

capita income, age, disability type, and language variables could all be ranked on a scale rather than 413 



 

as a “yes or no” output. An alternate method would involve basing social vulnerability on the beliefs 414 

and familiarity knowledge of local analysts rather than just the percentage of the population under or 415 

over a certain standard. These types of data would provide a far more comprehensive insight into the 416 

vulnerability of individual tracts and their overall communities/towns. While Dempster Shafer Theory 417 

can offer solutions to some of the problems with the current indexing method, it also has some 418 

limitations. The results of combining all 15 variables using DST clearly presented an issue when the 419 

results put all three tracts at the same vulnerability ranking. On a theme level, however, the results 420 

offer more detail and insight into the type and range of vulnerability when compared to the current 421 

indexing method. By gaining a more comprehensive understanding of the vulnerability scale, it is 422 

possible to prepare or mitigate hazards in areas that currently do not register as vulnerable.  423 

Conclusion 424 

 A primary goal of this paper has been to further understand the role of uncertainty in civil 425 

engineering and analyze potential frameworks with which this uncertainty might be captured, 426 

specifically in post-seismic structural analysis and social vulnerability capacities. While various 427 

frameworks have been presented in previous publications, the real-world applications in this paper now 428 

demonstrate the advantages Dempster Shafer Theory has to offer. Dempster Shafer Theory provides 429 

significantly different results in subjective cases when compared to the alternative of probability. Such 430 

results often provide a much more definitive and involved joint belief that takes into account aspects 431 

such as the confidence levels the experts have, any extra belief there may be in a wider range of events, 432 

and how conflicting the contributing beliefs are. Using a method that contains these nuances could yield 433 

significantly different results in damage assessments when compared to probability. In such cases of 434 

post-seismic structural analysis, a limited number of experts may be available to visit the site and 435 

provide an evaluation. Combining these valuable subjective individual beliefs to obtain a result requires 436 

consideration of those factors that make this assessment subjective, such as ignorance or confidence in 437 

a wider range of damage as opposed to a more specific range. Further, as each expert provides more or 438 

less evidence (or belief) of an event, the combined belief will increase or decrease support for one event, 439 



 

rather than averaging each added belief. The rules of probability, namely additivity, handle a potential 440 

doubt, or lack of belief, in an event as evidence to its contrary. By using a framework that acknowledges 441 

such a lack of belief as ignorance, rather than belief of the contrary, it is possible to achieve more 442 

meaningful results. The results discussed in this paper suggest that Dempster Shafer Theory is a viable, 443 

if not preferential, treatment of post-seismic structural assessments.  444 

 While the survey instrument used in this paper yielded notable results, it is worth 445 

acknowledging that the participants were mostly students. Structural engineers in real post-seismic 446 

analysis scenarios might have different confidence trends when evaluating damage. Due to these 447 

reasons, further testing is recommended using structural engineers in the process of post-seismic 448 

structural analysis. 449 

 A second goal of this paper was to investigate the applications of Dempster-Shafer Theory in 450 

social vulnerability ranking. While one of the current indexing methods provides an objective analysis 451 

using readily available data for every census tract in the United States, the output ignores many key 452 

factors that play into a community’s ability to deal with a disaster. Dempster-Shafer Theory was tested 453 

using the same census data to determine if this framework would provide a more in-depth analysis. This 454 

theme-level output offered more detail of a tract’s vulnerability, but combining all 15 variables still 455 

presents shortcomings. Another method for using DST in this capacity could be based on ranking tracts 456 

or communities on a belief basis, rather than relying solely on census data, and further testing is 457 

recommended to pursue this possibility. 458 

 The main applications of Dempster Shafer Theory explored in this paper are post-seismic 459 

structural damage analysis and social vulnerability indexing, but the possibilities extend far beyond 460 

that. Subjective investigations and assessments are unavoidable in many civil engineering and social 461 

science operations, as no two locations, projects, communities, and environments are exactly the same. 462 

The fields of civil engineering and social science are challenged with recognizing and accounting for 463 

these uncertainties, even with the use of subjective probabilities. A mathematical framework such as 464 

Dempster Shafer Theory, which allows for this uncertainty has the potential to change the outcome of 465 



 

infrastructure and hazard management decisions on a large scale.  466 
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APPENDIX I 553 

 554 

Dempster Shafer Theory 555 

Belief/Plausibility Measures 556 

Dempster Shafer Theory, sometimes called evidence theory, is based on a measure of degree 557 

of belief, called a belief measure, Bel(A), which expresses the degree of belief that an occurrence 558 

belongs to the set A (the term A will now be interpreted as possibly consisting of a set, rather than being 559 

limited to a single element). A basic assignment or Mobius Measure, m(x), can then be uniquely 560 

calculated, providing “an assessment of the likelihood of each set in a family of sets identified by the 561 

analyst” (Ayyub and Klir, 2006). Therefore, Mobius Measures are the evidence that is compiled for 562 

each element or event. Plausibility measures represent the evidence that two sets have any possible 563 

overlap. Belief and plausibility measures are related to Mobius measures (Aven et al., 2014): 564 

𝐵𝐵𝐵𝐵𝐵𝐵(𝐴𝐴) = ∑ 𝑚𝑚(𝐵𝐵)                                                            𝐵𝐵⊆𝐴𝐴    (I.1) 565 

𝑃𝑃𝐵𝐵(𝐴𝐴) = ∑ 𝑚𝑚(𝐵𝐵)𝐵𝐵∩𝐴𝐴≠∅                                                        (I.2) 566 

Equations (I.1) and (I.2) indicate that the belief in A is the sum of all Mobius measures relating to B 567 

in which B is fully contained within or equal to A. The plausibility measure is then the sum of all 568 

Mobius measures relating to B in which A and B have any potential commonality. The plausibility 569 

measure Pl(A) represents not only the evidence represented by the belief Bel(A), but also the 570 

evidence associated with any sets which overlap with A. The relationship between plausibilities and 571 

belief measures can be derived as follows (Ayyub and Klir, 2006): 572 

𝑃𝑃𝐵𝐵(�̅�𝐴) = 1− 𝐵𝐵𝐵𝐵𝐵𝐵(𝐴𝐴)                                                            (I.3) 573 

𝑃𝑃𝐵𝐵(𝐴𝐴) ≥ 𝐵𝐵𝐵𝐵𝐵𝐵(𝐴𝐴)                                                              (I.4) 574 

It is important to note that a degree of belief or evidential support of A, Bel(A), does not 575 

implicate disbelief of A̅. Therefore, Dempster Shafer Theory differs from classical Probability Theory 576 



 

in that it provides a natural framework for modeling ignorance (Shafer, 1976), one minus the sum of 577 

the belief and the belief of the complement (Ross, 2010). 578 

Belief Combination Using Dempster Shafer Theory 579 

A powerful artifact of Dempster Shafer Theory is the ability to combine beliefs from multiple 580 

sources, yielding joint evidence (Shafer, 1987). Fundamental to the theory is that beliefs are combined 581 

through their associated Mobius measures, given by Eq.(I.5) below: 582 

𝑚𝑚1,2(𝐴𝐴) = ∑ 𝑚𝑚1(𝐵𝐵)∙𝑚𝑚2(𝐶𝐶)𝐵𝐵∩𝐶𝐶=𝐴𝐴
1−𝑠𝑠

           (I.5) 583 

Where the denominator is calculated using Eq.(I.6):  584 

𝑐𝑐 = ∑ 𝑚𝑚1(𝐵𝐵) ∙ 𝑚𝑚2(𝐶𝐶)𝐵𝐵∩𝐶𝐶=⊘                            (I.6) 585 

 The numerator is determined by summing the products of the beliefs in every event or event 586 

combination in which the only commonality is the event being considered. The denominator is the sum 587 

of the products for every event or event combination that have nothing in common. As stated by Ayyub 588 

(2001) , “Probability Theory can be treated as a special case of the Theory of Evidence [Dempster 589 

Shafer Theory]. For cases in which all focal elements for a given basic assignment, m are singletons, 590 

the associated belief measure and plausibility measure collapse into a single measure, a classical 591 

probability measure”.  592 

Combining judgment from multiple experts in a mathematically-founded framework is 593 

especially important in combining engineering judgment with both quantitatively- and qualitatively-594 

based risk calculations. The examples in this paper combine field judgment in seismic damage 595 

assessment and building vulnerability, demonstrating the potential power of Dempster Shafer Theory 596 

for the combination of beliefs.   597 



 

APPENDIX II 598 

 599 

 600 

QUESTION 1 of 5 601 
 602 

 603 
 604 

What is your belief that the damage in the image above is in the following ranges?  605 
You can have up to 100% in either range. 606 

                            0%-66%?                                                              34%-100%?  607 

 608 

 609 

 610 

Using the amount of belief you assigned to the large ranges above, split that into the smaller 611 
ranges below. If you are not as confident in the smaller ranges, you can assign less belief, but 612 
you cannot have more confidence in the smaller ranges than you do in the larger ones (e.g., 613 
belief for 0%-33% plus belief for 34%-66% cannot be greater than the belief you assigned 614 
above for 0%-66%). The sum of these 3 boxes cannot exceed 100%. 615 

        0% to 33%                               34% to 66%                                67%-100% 616 
 617 

 618 
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